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Introduction
The (local) GC-content, or the percentage of GC base pairs in a given genomic region, is highly variable across many mammalian genomes (Bernardi (2000) ). It is associated with genomic features including gene density, intron length, replication timing, recombination rate and the distribution of repeat elements (Mouchiroud et al. (1991) ; Duret et al. (1995) ; Smit (1999) ; Lander et al. (2001) ; Waterston et al. (2002) ; Kong et al. (2002) ). Investigating the causes of variation in GC content should improve our understanding not only of the GC structure of the genome but also these associated features. Further, in studying the history of a genome it is important to determine whether the distribution of GC-content is changing over time. Has the GC-content reached equilibrium or is it still evolving toward some target point of stability? What factors are holding it in check or driving the change?
It is well established that a genome is subject to a varying neutral substitution rate -the rate at which neutral (functionless) DNA undergoes changes that become fixed in the population. This rate varies considerably, differing between organisms, between sexes and across the genome (Lander et al. (2001) ; Waterston et al. (2002) ; Ellegren et al. (2003) ; Hardison et al. (2003) ; Gibbs et al. Various studies have also established an asymmetry in the rates at which different substitutions occur; GC base pairs become AT base pairs far more frequently than the reverse (Lander et al. (2001) ; Arndt et al. (2005) ). Using realistic estimates for these rates, the imbalance implies that the GC-content at equilibrium will be considerably below the current GC-content. Thus, one would predict from the rate asymmetry that GC-content must be decreasing. It further seems likely that those areas subject to higher substitution rates experience faster GC-content decay. However, these predictions have not been easy to test, as calculating time-resolved substitution rates is a difficult task (Hardison et al. (2003); von Grünberg et al. (2004) ; Arndt et al. (2005) ; Gaffney and Keightley (2005) ).
A further complication is that local substitution rates are not the only factor determining the change in GC-content and its eventual equilibrium. In both Meunier and Duret (2004) and Duret et al. (2006) it was argued that recombination plays a role in the decay of GC-content, that the modern human genome has not yet reached its equilibrium point, and that the equilibrium point of any given genomic region is determined by the interplay of the substitution and recombination rates. Though there is some disagreement (Alvarez-Valin et al. (2004) ; Antezana (2005) ), several studies have supported these positions (Lercher et al. (2002) ; Webster et al. (2003) ; Belle et al. (2004) ; Duret (2006) ; Khelifi et al. (2006) ). However, the rate of GC-content decay has not been determined, nor has the relative importance of the substitution and recombination rates in influencing that decay. How fast is GC-content decaying in a given region? What is the importance of substitution, as opposed to recombination, in determining that rate?
The human genome currently has a genome-wide average GC-content of approximately 43% (42% chimpanzee, 42% macaque, 41% dog). We have applied two independent methods for determining rates of substitutions across mammalian genomes to better understand the history and predict the future of these genomes. We limited our analysis to the 620Mb of human DNA in which the rate for each type of substitution is the same on the complementary strand -regions referred to as strand-symmetric (Green et al. (2003) ). This allowed us to apply a simple but powerful model for determining substitution rates. With these rates, we predict and confirm that the local GC-content decays exponentially over time towards a local equilibrium value GC * at a rate determined by the local rate of substitution. We predict that these strand-symmetric areas will stabilize their average GC-content at 30% (±4%) for each of these genomes, supporting the notion that none of these genomes are currently at equilibrium. Furthermore, the equilibrium point of a region is determined by the local rates of substitution and recombination, as well as the Biased Gene Conversion mechanism (Nagylaki (1983); Galtier et al. (2001) ; Duret et al. (2002) ) (thus independently confirming the results of Meunier and Duret (2004) . Our studies agree with the prediction that each genome is evolving towards a new isochore structure (as proposed by Khelifi et al. (2006) ). They also suggest that the current isochore structure could result from the action of locally varying rates on an ancestral genome, regardless of that genome's GC-content pattern.
Methods and Materials
While calculating the GC-content of a sequenced genome is simple, estimating substitution rates and GC * are more difficult tasks. Substitution rates are estimated using two different methods. The first is the LogDet method (Barry and Hartigan (1987) ; Gu and Li (1996) ; Baake and von Haeseler (1999) ; Sumner and Jarvis (2006) ); the second is based on continuous Markov chains, and is similar to many of the well-studied models (e.g. Jukes and Cantor (1968) ; Hasegawa et al. (1985) ; Ewens and Grant (2005) ). Like those models, and in contrast to the well-known model of Arndt et al. (Arndt et al. (2003a (Arndt et al. ( ,b, 2005 ), we do not explicitly account for neighbor interactions affecting substitution rates (specifically elevated CpG dinucleotide substitution rates); in our Results section we show that these rates are implicitly included and thus this parameter reduction is not a source of error.
Estimating neutral substitution rates is necessarily based on nucleotides known to be nonfunctional. There are two sources of such data frequently used: four-fold degenerate coding sites and interspersed repeats (Hardison et al. (2003) ). We selected the repeat data because of its quantity. Repeats make up approximately 45% of the genome (providing significantly more points of estimation than do the four-fold degenerate coding sites), and as a whole are uniformly distributed (Lander et al. (2001) ) -allowing us to average out the effect of location bias. It is generally believed that the substitution rates of repeat bases are reflective of the local neutral substitution rate, though this is not completely agreed upon (Hardison et al. (2003) ; Arndt et al. (2003a); Gaffney and Keightley (2005) ).
Further, instead of fitting our model parameters to inter-species alignments, we follow the lead of Arndt in using the alignment of modern interspersed repeat sequences to their RepeatMasker derived ancestral sequences (Smit et al. (1996 (Smit et al. ( -2004 ). This allows us to discard the normal Markov chain constraint of reversibility used as a basis for many calculations. Like the Arndt studies, we also assume strand-symmetric substitution: that both strands of the genome segment undergo any given type of substitution at the same rate, hence complementary substitution rates are equal. (For example, the rate of A → C substitutions is equal to that of T → G substitutions.) Strandsymmetry is not a universal condition; it is clearly disrupted by selective pressure, and has also been shown to break down in transcribed regions and around replication origins (Green et al. (2003) ; Touchon et al. (2005) ). We will shortly describe a technique of identifying where this assumption is valid (or is a valid approximation), and can use this technique to identify regions
where our predictions can be tested.
Notation
Like many studies, we will break the genome into non-overlapping windows, or partitions (Hardison et al. (2003) ; Gaffney and Keightley (2005) ). The (instantaneous state-transition) rate matrix defining a given Markov chain will be denoted q, and we use q γ to denote the rate matrix that has been estimated exclusively from the partition γ (that is, from the repeats falling within γ). m γ will denote the substitution rate of γ (averaged over the time-span under investigation), and p GC γ (t) will denote the partition's GC-content at time t.
Any method based on a Markov chain imposes certain constraints on q. For example, Jukes- Cantor requires that all off-diagonal elements be equal (Jukes and Cantor (1968) ), HKY groups the substitution types into four different parameter classes (Hasegawa et al. (1985) ), and the fully reversible model allows for six parameters configured to enforce "full reversibility" (Ewens and Grant (2005) ). The constraints of our own model are fully defined by the strand-symmetric property. As a result we have a six-parameter model -that is, six independent rates appearing in the rate matrix (see Appendix, equation (7), for the matrix layout.) These six rates are labeled q 1 , · · · , q 6 (defined in Table 1 ). When referring to the components of the matrix q γ we will denote these rates
. This strand-symmetric Markov chain was first proposed by Sueoka (1995) and later studied by Lobry and Lobry (1999) .
Estimating GC-content equilibrium (GC * )
The importance of limiting our analysis to a strand-symmetric q is as follows. We derive a value λ γ from q γ -specifically, λ γ is the sum of the rates of all substitutions between an AT base and a GC base in either direction (see equation (9) in the Appendix). It is shown in Lobry and Lobry (1999) that if (and only if) the matrix q γ is strand-symmetric and time-independent, we have:
where
Consider the implications of the first equation. If γ is subject to strand-symmetric substitution (and not affected by issues such as elevated CpG mutation rates and recombination, which we will deal with shortly), then equation (1) means that the GC-content of γ must be decaying exponentially with time, at a rate dictated by the product of λ γ and the local substitution rate m γ . Further, the local GC-content is converging to the value GC * γ . Thus, GC * γ is the GC-content in partition γ that the genome will eventually reach at equilibrium (with notation GC * chosen to be consistent with that used in Meunier and Duret (2004) ). We note that p GC γ (t + T ) − GC * γ can be thought of as the "excess GC-content" contained by partition γ on its way to equilibrium.
One would like to test the prediction by picking two points in time and plugging in the relevant values into equation (1). However, we know the GC-content for partition γ at only one point in time: "now". In order to reflect this we calibrate time such that t = 0 refers to the present, with t < 0 then representing points in the past, and rewrite equation (1) as:
with p GC γ (0) (denoting the current GC-content) appearing on the left and p GC γ (−T ) (denoting the GC-content T time units in the past) occurring on the right. In the derivation of this equation we are assuming both strand-symmetry and time-independence of the rate matrix -the model cannot be reliably used for analysis unless we can verify that the target region conforms to these assumptions.
But in those regions where this is the case, it follows that the local GC-content is decaying over time towards the value GC * γ at an exponential rate determined by λ γ m γ .
To put it in other words, equation (3) 
Models of substitution
We estimated substitution rates using two independent methods: a Markov-chain based method, and the LogDet method (Barry and Hartigan (1987) ; Gu and Li (1996) ; Baake and von Haeseler (1999); Sumner and Jarvis (2006)). By comparing the estimations derived from each method we are able to both identify strand-symmetric regions of the genome and verify that our results on those regions are independent of certain differing assumptions.
Our Markov-based method, which assumed strand-symmetry, estimates the rates q
in q γ and the local substitution rate m γ from the repeat alignments falling within partition γ.
We use standard fitting techniques to estimate the state-transition probability matrix P γ (t) (see equation (6) in the Appendix). In other words, [P γ (t)] ij denotes the probability of a base with content i at time −t 0 becoming a base with content j at time −t 0 +t. The problem is more complex than with the more common applications of Markov chain theories (e.g. as used in Hardison et al. (2003) or Gaffney and Keightley (2005) ) because we are dealing with alignments corresponding to repeat families of different ages. Thus we will denote a given repeat family as α, the age of that family as t α , and can then estimate P γ (t α ) for different families α that intersect partition γ.
Given a set of alignments corresponding to repeat family α, we estimate both q γ 1 , . . . , q γ 6 and the local substitution rate m γ from a maximum-likelihood fit to the matrices P γ (t α ). The final step in the application of our model is to define and calculate a new value τ γ = m γ − m, the deviation of γ's substitution rate from the genome mean substitution rate m. (Note that whenever we are interested in a genome-wide values, we allow for just one partition comprising the whole genome; the index γ is then dispensable and has been omitted.) Of course, when applying this locally, the procedure is dependent on choosing an appropriate resolution, as reflected in the partition size. We experimented with resolutions ranging from 160 kb windows to 1 Mb windows. The accumulated length of all repeats used for our analysis ranged from 20% to 30% of the genome, depending on the organism. Examples of the resulting local substitution rate variations are shown and discussed in the Appendix.
In contrast to the previously described approach, LogDet makes no assumptions about strandsymmetry or places any constraints on the rate matrix. Let R γ (t) be the rate matrix at time t with the full twelve degrees of freedom, and let R γ be the average of the R γ (t) matrices over the appropriate time interval. The LogDet model is based directly on the matrix R γ , hence makes no assumptions about the changes in R γ (t) or on the relationship between elements of R γ . Let µ γ be the arithmetic mean rate based on R γ , which can be written as Barry and Hartigan (1987) and Zharkikh (1994) each showed that there is a direct connection between the product µ γ t and the transitional probability matrix P(t), which when applied to our P γ (t α ) may be written as
(see equation (6) in Gu and Li (1996) . This LogDet value d αγ is a "model-free" measure for the time-distance t α in partition γ (i.e. it avoids the constraining assumptions of other models, as discussed previously). We are able to compute LogDet times genome-wide, d α , and in every partition, d αγ , and then can combine both sets of numbers by computing the percentage deviation in partition γ from the genome-wide mean,
where stands for an average over all α's).
Materials
Genome builds used were downloaded from the UCSC browser (Kent et al. (2002) All software tools created for this project will be provided to interested parties on request.
Statistics
Linear regressions are characterized with Pearson's moment correlation coefficient (denoted r p ) at a p-value of less than 10 −8 . Each correlation passed all standard diagnostic tests to ensure that r p is a legitimate characterization of the fit (results not shown).
Results

Identifying strand-symmetric regions
Our core prediction, equation (3), follows directly from our two assumptions: strand-symmetry and the time-independence of the rate matrix. To verify the prediction with genomic data, we must find regions on the genome that conform to both assumptions. We do this by comparing the local rates, as determined by our method, against the prediction of the previously discussed LogDet methodwhich relaxes both assumptions. Only in areas where the two predictive methods agree can we can expect the assumptions to hold. It is worth noting that as both models estimate average rates over some time period, we are actually locating segments that experienced rates which effectively meet these assumptions over that period. Thus we will identify both those segments that conformed to the assumptions uniformly and those that fail to do so at any instant but that experienced rate variations over time that produced the same effect.
As the LogDet estimations are independent of a specific model of substitution-rate relations, they are ideal for testing the assumptions of time-constancy and strand-symmetry of q made in the first model. We show in the supplementary material (equations (S18), (S19), and (S23)- (S25)) that, if these assumptions and approximations have no effect on the result, we should find that (i) for a genome-wide fit, the estimated d α from equation (4) must be equal to mt α , and that (ii) for the partition-wide fits ∆d γ must be equal to τ γ /m obtained with the strand-symmetric model. Table ( 2)). In the following, we will limit our analysis to only these partitions -where both methods produce approximately the same values (within 5%). The correlations hardly differ whether we show τ γ /m or LogDet rates ∆d γ , hence the results are independent of the method used to compute the neutral substitution rate variation.
A full list of identified strand-symmetric regions is included in the supplementary materials.
Genome-wide, strand-symmetric GC equilibrium value is at about 30% for various mammalian genomes
We next look at the results of fitting q both globally and locally. In Table 1 we show the results of fitting the elements of q on a global scale, giving us a picture of the general trend of substitution rates similar to that in Lander et al. (2001) . We observe that the transversion rate away from GC base pairs, q 4 , is higher than any other transversion rate, and that the transition rate away from GC base pairs, q 6 , is twice the reverse rate q 5 (A → G and T → C transitions) and five times a typical transversion rate. Also listed are results obtained after masking CpG sites on the consensus sequences of each repeat family, leading to a small shift of the rate q 6 .
When we fit P γ (t α ) in a specific partition γ, we obtain m γ and the rates q γ 1 , . . . , q γ 6 that allow us to estimate the GC-equilibrium values GC * γ (for those partitions conforming to our assumptions). Averaging over these partitions we obtain an estimate for the genome-wide GC * that is representative for 620 Mb of the human genome (560 -730 Mb for the other genomes). This GC * value is compared to the current GC-content on today's genome in Table 2 . We observe that for the investigated species, our model predicts that the equilibrium point GC * is about 30% while the mean GC-content on today's genome is at about 42%, implying that these genomes are far away from the stationary state. We stress that locally GC * γ (estimated with a variance of 0.04) shows considerable deviations from the genome-wide value GC * .
Exponential GC-content decay verified
We are now in the position to determine the accuracy of prediction (3). p GC γ (0), the modern GCcontent, is easily calculable. GC * γ , λ γ and τ γ /m can be calculated by application of our model, with which we can determine the argument of the exponential function in (3) relative to the time-
). This allows us to plot p GC γ (0) on the left-hand side of equation (3) versus the argument of the exponential function on the right-hand side of this equation, as we do in Figure 2 for both human and dog. As we have already observed, equation (3) describes a curve in a space spanned by three local functions: p Indeed, we see this to be the case in Figure 2 . We also note an apparent convergence value of GCcontent to the predicted GC * values from Table 2 , which suggests that we should examine "excess GC-content" (i.e. the GC-content relative to GC * ). Taking the logarithm of the excess GC-content, we expect to find that ln(p GC γ (0) − GC * ) has a linear relationship to λ γ m γ T (see equation (3)).
We check this in Figure 3 for four mammalian genomes. A very strong correlation is found, with coefficients as high as r p = −0.85 for human, chimpanzee and macaque and r p = −0.82 for dog (Table 2) . We also show the results of a least squares fit, providing us with estimates for the parameters b and mT in the fitting formula y = ln(p
. All values are given in Table 2 . In contrast to the Arndt model of substitution rates (Arndt et al. (2003a (Arndt et al. ( ,b, 2005 ), our model does not explicitly account for neighbor interaction; elevated CpG dinucleotide rates are instead reflected in the estimation of single-base substitution rates. (For example, compare the masked and unmasked estimates for q 6 in Table 1 .) The concern that our failure to explicitly consider Arndt's seventh parameter may introduce error into our results is addressed in Figure 3 (f), where we repeat the analysis leading to Figure 3 (a) after masking out CpG sites. We see from this figure, and from Table 2 , that calculating our values based only on non-CpG sites has virtually no effect our calculations. Hence it is clear that CpG hypermutability can be ruled out as a source of error.
Including recombination rates
In Table 1 we see that q 1 + q 5 gives the substitution rate of AT base pairs to GC base pairs, while q 4 + q 6 gives the substitution rate of GC base pairs to AT base pairs. Our method provides us with estimates for these rates in every partition γ. Biased Gene Conversion (BGC), on the other hand, is known to have the effect of increasing the AT → GC substitution rate by an amount proportional to the local recombination rate (Meunier and Duret (2004 against ρ γ (using sex-averaged deCODE recombination rates from Kong et al. (2002) , resolved here with 1 Mb windows). As a result we see a small, but statistically significant, correlation with r p = 0.33 (contained by the 95% confidence interval (0.29, 0.38)). We have also correlated the recombination rate with m γ (q
) which is just m γ λ γ in equation (9), and found no significant correlation. Meunier and Duret (2004) have found a similar correlation between GC * γ and the recombination rate. As observed by these authors, there are a number of reasons why we cannot expect this correlation to be large. Recombination appears to vary on a scale much smaller than 1Mb and thus its rate averages out over scales greater than 1Mb, and the two variables correlated here reflect processes operating on different time scales. While recombination rates may change rapidly, the GC * γ can be traced back to rates that are actually time-averages over long evolutionary periods.
Additionally, in our study, the genomic segments under analysis were picked based on strandsymmetry and time-constancy. We have no reason to believe that characteristic is correlated with recombination, thus our plot likely superimposes partitions supporting a strong correlation to others supporting no correlations at all.
Asymmetric regions of the genome
Our approach allows us to easily distinguish between parts of the genome that follow a strandsymmetric, time-independent substitution rate model, and those that do not. In Figure 5 we graph GC-content (on the x-axis) against our substitution rate estimator (on the y-axis) for both our selected 620 Mb of the human genome (black points, green fit), and the complementary set (red dots, purple fit). It is evident that by selecting strand-symmetric areas we have been able to discard data that grossly deviate from the exponential decay curve, but it also becomes obvious that we have discarded a bulk of data that were compatible with our picture (the majority of red data point are covered by the black data points).
Discussion
In our investigation we have concentrated on regions of the genome that we know to be subjected to strand-symmetric substitution rates. Selective pressure will frequently produce substitution asymmetries (Frank and Lobry (1999) ). Nor is this disruption of symmetry limited to areas under selection; both transcribed areas and regions around replication origins are known to be strand-asymmetric (Green et al. (2003) ; Touchon et al. (2005) ). By limiting our analysis to the strand-symmetric regions we eliminate associated sources of noise obscuring the pattern of decay and revealing the exponential relation between local GC-content decay and local (neutral) substitution rates. Thus we form a picture of the decay dictated by the underlying neutral processes.
If the values on the x-axis of Figure 2 are interpreted as the relative decay rate (λ γ m γ /m) of the exponential decay, then we can conclude that local GC-content is decaying over the genome, with genomic areas subjected to higher substitution rates having a disproportionately higher decay rate (i.e. experiencing a faster decay) than those subjected to lower substitution rates. This implies that, regardless of the initial distribution of local GC-content, even in the extreme case of no initial isochore structure, the exponential relationship of GC-content to local substitution rate will inevitably lead to the establishment of some sort of isochore structure simply because of the regional differences in decay and the equilibrium points -a finding similar to that of Khelifi et al. (2005)). Then the message of Figure 2 would be that the decay of GC-content in partitions with a large time distance is more advanced than those with a smaller distance. Note finally that we would expect the correlation in Figure 3 to be less than 1, as there is still the unknown local GC content p GC γ (−T ) at time −T . In fact, p GC γ (−T ) is presumably different in every partition, inducing a vertical shift for every data point in Figure 2 and Figure 3 .
Surprisingly, these shifts are small enough that they do not obscure the exponential decay. Figure 2 allows us to roughly estimate an upper limit of p GC γ (−T ) by the vertical distance of each data point from the fitted curve.
Comparisons with previous studies
The shape of our correlation is different than that found in previous studies, but it is not contradictory; our analysis just presents a clearer picture as we are able to strip away a source of noise inherent in the other studies. Consider the Hardison et al. (2003) , Hellmann et al. (2003 Hellmann et al. ( , 2005 and Belle et al. (2004) works. In the Hardison et al. study we see a quadratic relation between GCcontent and substitution rate, where local substitution rate is calculated using the multi-species, repeat-based t AR statistic. The latter Hellmann et al. study finds a similar result (measuring substitution rates with human-chimpanzee divergence), but reduces this to a linearly decreasing correlation when introducing CpG content as a second variable in their regression model. In Figure 5 we explain both these results with our model. We see that when using the regions that are not strand-symmetric (or not identifiable as such), we replicate the shape of the Hardison curve. Concentrating on the strand-symmetric regions, we find the negative correlation predicted by Hellmann -but are able to better resolve the shape of the curve. In the Belle paper the authors point out that an exponential decay would make sense (an observation also made by Gu and Li (2006) ), but they find the explanation incompatible with their data (calculated using the method of Galtier and Gouy (1998) ). However, they results reflect factors not relevant to our analysis, as they base their rate estimations on the alignment of coding sequences -which are not subject to strand-symmetric substitution and are shaped by constraint-related forces.
The question of whether the genome has reached its GC-content equilibrium has been addressed in a number of studies. The works of Lercher et al. (2002) and Webster et al. (2003) both support our assertion that the genome is in a state of decay through the analysis of SNP-evidence, and the Webster et al. (2005) results are also consistent with this hypothesis. Both Alvarez-Valin et al. (2004) and Antezana (2005) have taken the opposite position, though the methodology of the later is shown to be faulty in Duret (2006) .
A line of studies including Duret et al. (2002) , Meunier and Duret (2004) , Khelifi et al. (2006) and Duret (2006) have made significant contributions to the understanding of GC-content decay, the projected equilibrium point, and the underlying causes of decay; it is important to consider how our results fit into the picture resulting from those works. Together, these studies have looked at the relationship between local current GC-content and GC * γ , as well as the effect of recombination rates on these variables (presumably through the mechanism of BGC). They find pair-wise corre-lations between recombination rate, GC * γ and the GC-content of γ, then argue a causal relationship starting from recombination and with GC * γ as a mediator.
Our analysis is consistent with their work, though it does not lead to any conclusions about causality. Consider the formula equation (2) for the equilibrium GC content. This expression for GC * results directly from balancing net rates q 15 AT * = q 46 GC * , where q 15 = q 1 + q 5 is the AT → GC rate, q 46 = q 4 + q 6 is the GC → AT rate, and AT * = 1 − GC * is the equilibrium AT-content. If q 46 were equal to q 15 then GC * would be 1 2
. As q 46 increases, the balance shifts and GC * decreases. We find that in the genome-wide average the GC → AT rate is roughly twice the reverse rate, implying that genome-wide GC * is roughly Following Duret et al. (2002) and Meunier and Duret (2004) we incorporate the BGC mechanism as follows. Consider a time and a location γ where the recombination rate has reached a high enough level to make a difference. We expect a GC-biased fixation process and thus an increase of the local AT → GC rate by an amount proportional to the local recombination rate, implying that the reverse rate GC → AT decreases by the same amount. The sum of these two rates, . Thus, by changing the local rates the BGC process will not alter the exponential decay behavior (which depends on λ γ and m γ ), but simply shifts the local GC * γ upwards to an extent that is directly proportional to the recombination rate. This effect is then responsible for correlation between GC * γ and the recombination rate found by Meunier and Duret (2004) .
By the definition of an "equilibrium point", the GC-content must be headed towards GC * γ . Over the 620 Mb of the human genome we have investigated we have not found any partition where the GC-content is currently less then GC * γ , and in the 14 Mb investigated by Meuiner and Duret they found only 2 Mb where this was the case. So, in practice, the local GC-content in γ is decreasing towards the lesser GC * γ value. While a high recombination rate is able to, through BGC, raise the local AT → GC rate over some period of time, this change can stop the decay of local GC only if it is strong enough to shift GC * γ above the local GC-content level -an effect we do not see.
We recall that equation (3) 
Other points of consideration
We need to address our assumption of independent substitution rates in neighboring sites -specifically that of elevated CpG substitution rates, which are known to be significantly higher than those of other substitution rates (Arndt and Hwa (2004) Table 2 -a result consistent with that of Gu and Li (2006) . The idea that these rates would have no effect on our calculation seems unlikely in light of results such as those of the Arndt studies (Arndt et al. (2003a (Arndt et al. ( ,b, 2005 ), so the more plausible conclusion is that the CpG effect is not compatible with one of the characteristics used to pick our partition set. In other words, if a partition conforms to our assumptions, then the CpG effect is minimal within that partition.
Our analysis has been extended to three other genomes: chimpanzee, macaque and dog. We have obtained almost identical results for all, with differences only in mT (the slope of the red curve in Figure 3) for dog compared to the other three species. Notably missing from this analysis are the murids. Because mouse and rat are subjected to a much higher substitution rate (Waterston et al. (2002) ; Gibbs et al. (2004) ), RepeatMasker has considerably less power to recognize older repeats. For our purposes, the amount of sufficiently older repeat data is less than is needed to get a clear picture of the decay in those genomes.
We also investigated the possibility that SNPs occurring within repeats could introduce error into our calculations. A SNP occurring in a repeat is reflective of mutation rate, but not necessarily reflective of substitution rate; using SNPs to calculate substitution rates could bias the results.
To check for this we masked out all SNP locations (using information from dbSNP build 125
downloaded from the University of Santa Cruise Genome Browser ( Our results show a clear, strong exponential correlation between the substitution rate pattern and GC-content in strand-symmetric areas of the genome which confirms a prediction that is a direct consequence of a strand-symmetric rate model. Further investigations of the relationship, with an aim towards determining causality, is certainly worthwhile. A study of our identified regions of strand-symmetry (or, more appropriately, the complementary set of regions) may also prove valuable. And while we cannot label any factor as being causal, it is potentially revealing to consider equation (3) under a model in which the substitution rate drives GC-content decay. The location-dependence of the substitution rate pattern then allows us to predict the evolution of the isochore structure: it decays faster towards GC * γ in regions of high substitution rate and lower in those of low rate. This also implies that if the genome started from a uniform GC-content (e.g. with no isochore structure), then the substitution rate pattern would inevitably lead to a local variation of the GC content. However, this model is only speculation; we could also envision a model in which GC-content filled the role of determining the local substitution rate.
In the following we give a brief description of our model, the approximations used in its application and the tests performed to check the validity of those approximations. A detailed report is given in the supplementary materials.
The rate model
Our underlying model is a non-homogeneous Markov chain, similar to that used in other standard approaches. The four-dimensional time-dependent state vector (p
ing the probability of being in each state at time t, evolves according to a substitution rate matrix R(t) having components R ij (t). Recall that every possible R(t) must satisfy j R ij = 0, which allows us to define a mean substitution rate m by averaging over all components of this rate ma-
To make this m explicit in the following expressions we replace R ij by m q ij and scale the matrix q such that
The transition probability matrix propagating a state vector at time −t 0 to time −t 0 + t reads in its most general form:
where an overline over a function f (t) represents its time average f = (1/t)
In our application we cannot consider the most general case and instead approximate mq ij by the product of m and a constant q ij obtained from a maximum-likelihood fit, as explained further below. Underlying this approximation is the assumption that though rates may be time-dependent, the ratio of any two rates within the rate matrix does not change with time. This approximation is necessary in order to be able to perform fits; with the comparison in Figure 1 to LogDet times (which do not depend on this approximation) we have ensured that we consider only those partitions where this approximation has a negligible effect (for a discussion of this approximation see section A.2 in supplementary material).
To estimate rates on a local scale, we break the genome into Z partitions, representing each partition by an index γ. The index is dropped whenever Z = 1, that is, when we want to indicate that a quantity is based on a genome-wide analysis. Using this partitioning notation and applying our approximation, equation (5) can be written as
For q γ (the rate matrix estimated from partition γ) we use a strand symmetric rate model (Sueoka (1995) ; Lobry and Lobry (1999) ):
with the six independent substitution rates q γ 1 , . . . , q γ 6 defined in Table (1) . Every strand-symmetric matrix can be transformed into a block-diagonal matrix consisting of two 2 × 2 blocks, q + and q − ), of which only
is of interest here. It is the rate matrix for the two-dimensional state vector
representing the A+T and G+C content at time t. Note that q transition, respectively (see Table 1 ). The set of differential equations associated with this reduced 2 × 2 system, d dt p(t) = p(t)q + can be integrated (see Lobry and Lobry (1999) ), as well as sec-tions A5 and A6 in the supplementary material), leading directly to equation (2), to
and finally to the prediction (3) which is the central equation of this paper. We emphasize that if one applies the same transformation leading to equation (8) to a non-strand-symmetric rate matrix, one will find two 2 × 2 blocks which are still coupled, making it thus impossible to replace the set of four coupled differential equations by two independent sets of differential equations. Thus, prediction (3) is valid only as long as a strand-symmetric model is applicable.
Calculation of local substitution rates
All estimates of rates are based on the transitional probability matrix P(t) on the left-hand side of equation (5) which we fit to RepeatMasker-generated repeat data. Low-complexity repeats were 
is the maximum-likelihood fit of P based on the alignments.
These P γ (t α ) matrices represent the input which we want to use to estimate local substitution rates. We have two alternatives: the method of LogDet time-distance, equation (4), and a method based on the matrix in equation (7) and the approximation in equation (6) (von Grünberg et al. (2004) ). The LogDet time connects the transitional probability matrix P(t) for a transition over time t on the left-hand side of equation (5) det P(t) = det e Rt = e i λ i t = e −4d .
Applied to our matrices P γ (t α ), the LogDet formula equation (4) While the LogDet time produces model-free time-distances, the second method is based on the rate model in equation (7) and the approximation we made in going from equation (5) to equation (6) that m q can be split into m and a constant matrix q. Based on equation (6) we then:
(i) set Z = 1 and perform a genome-wide maximum likelihood fit of the M numbers mt α and the six rates q 1 , . . . , q 6 in q on the right-hand side of equation (6) to the matrices P(t α ) on the left-hand side of equation (6) obtained from the repeat data as described above, (ii) partition the genome and calculate a maximum likelihood fit of m γ /m and the rates q γ 1 , . . . , q γ 6 in the expression exp(q γ (m γ /m)(mt α )) on the right-hand side of equation (6) to our data in P γ (t α ), taking the values of mt α from the genome-wide fit in the previous step. Partitions were sized to include 40 kb of repeat bases per partition (Z = 21000) resulting in a typical window size of 160 kb window at highest resolution. Our rates were then filtered for noise using a technique discussed in Peifer et al. (2003) , and averaged over all M repeat families. We report relative rates:
which can be compared directly to the LogDet relative rates ∆d γ as done in Figure 1(b) . A alternative way of testing our computations is to compare it to the results of more established methods.
For a few repeat families we compare our age estimates mt α against those computed by Khan et al. (2006) in Figure 6 . An example of the substitution rate patterns obtained from our method is shown in Figure 7 and compared to the t AR statistic (Hardison et al. (2003) ). After normalizing t AR to reflect variation and applying the same filtering technique, we find a close correlation between the two (r p = 0.76). As a further test of our method we performed a cross validation to make sure that while the curves are derived from repeat family data, the results are independent of the actual subset of families chosen for the analysis. For example, splitting all families into two groups -one group containing families with a long period of activity and a complementary group with families that have been active over a short period of time -we found that whatever group we chose had little effect on our final results (see figure S1 in supplementary material). For more information on the validation of our method, see section A4 of the supplementary material.
Supplementary Material
We have provided with this paper a more detailed analysis of our methods then is provided in our Appendix. Topics discussed in this paper include the substitution rate model and relevant approximation techniques, resolving substitution rates on a local scale, methods used to validate rate calculations, the calculation of GC-content equilibrium, and details concerning the determination of the rate of GC-content decay.
We have also provided a file containing all regions identified as being subject to strand-symmetric substitution rates and thus serve as the bases for our analysis. i,j =i q ij = 1, implying that i q i = 2.
Figure 1: a) Correlation diagram of the human repeat family ages estimated with our method (yaxis) and with the LogDet method (x-axis). While our estimate is based on a strand-symmetric and time-independent substitution model, no such constraining assumption has to be made when using the LogDet method. b) The relative local substitution rate τ γ /m in partition γ computed with our method correlated against the corresponding rate estimated using the LogDet time measure (∆d γ ). Table 2 : The mean GC-content on today's genome, GC(0), the total size of the genomic region selected in this study, the mean GC-content GC s (0) over these selected regions, the equilibrium value of the GC content, GC * , as obtained from the average of GC * γ over all selected partitions, the correlation coefficient r p for the correlation in Figure 3 with their 95% confidence intervals, and the parameters mT and b obtained from the linear regressions. Data collected for the genomes of human (hg18), chimpanzee (pt2), dog (cf2) and macaque (rm2), followed by human with masked CpG sites and for human with a GC-content determined from the repeat-masked human genome (hg18(bw)). Local difference between the AT → GC and GC → AT substitution rate versus the recombination rate on the human genome (1Mb window, human genome). For recombination rates we used the sex-averaged deCODE rates from Kong et al. (2002) . (2) were a selection of 5000 partitions for which two methods predicted similar rates. The data for the discarded 16000 partitions are shown as red symbols. Both sets together cover the whole genome. We observe that we discarded both data that are compatible with our picture and data that are not. The latter show an up-bending particularly at high GC content which by other groups have been fitted to a parabolic function (violet) (see text). The time distance mt α of repeat type α as estimated with our method is plotted on the x-axis and correlated on the y-axis with the age of the same repeat family as estimated by Khan et al. (2006) . The linear relation allows us to estimate m as m = 2.3 × 10 −3 /M yr.
Figure 7: A plot of the local substitution rate (black curve) and filtered t AR (red curve) over four sample chromosomes of the human genome. Breaks in the curves correspond to centromeric regions. The inset box is a whole-genome regression of the two values, resulting in a linear correlation value of r p = 0.76.
